Cancer health disparities due to demographic and socioeconomic factors are an area of great interest in the epidemiological community. Adjusting for such factors is important when developing cancer risk models. However, for digital epidemiology studies relying on online sources such information is not readily available. This paper presents a novel method for extracting demographic and socioeconomic information from openly available online obituaries. The method relies on tailored language processing rules and a probabilistic scheme to map subjects' occupation history to the occupation classification codes and related earnings provided by the U.S. Census Bureau. Using this information, a case-control study is executed fully in silico to investigate how age, gender, parity, and income level impact breast and lung cancer risk. Based on 48,368 online obituaries (4,643 for breast cancer, 6,274 for lung cancer, and 37,451 cancer-free) collected automatically and a generalized cancer risk model, our study shows strong association between age, parity, and socioeconomic status and cancer risk. Although for breast cancer the observed trends are very consistent with traditional epidemiological studies, some inconsistency is observed for lung cancer with respect to socioeconomic status.
Introduction
Understanding and overcoming disparities in the burden of cancer is one of the overarching goals of the Cancer Moonshot initiative announced by former President Obama (Lowy & Collins, 2016) . The initiative aims to galvanize research efforts and accelerate advances in cancer prevention, screening, diagnosis, and therapy. Cancer disparities are well documented across racial, ethnic, and socioeconomic groups (Braun et al., 2015; Krieger, 2005; Siegel, Miller, & Jemal, 2014; Ward et al., 2004) . Studies suggest that socioeconomic factors such as income level and education are at least as important if not more so than biological factors impacting both cancer incidence and mortality rates (e.g., Danforth, 2013; Jacobs et al., 2012; Khawja et al., 2015) . Income level and education are closely associated with well-known cancer risk factors such as tobacco use, poor nutrition, physical inactivity, and obesity. Poor communities and minorities have limited access to high-quality, affordable foods and fewer opportunities for safe recreational physical activity. In addition, cultural factors and professional activities influence health behaviors and attitudes, thus modifying people's cancer risk profiles. Understanding the broad spectrum and interplay of socioeconomic determinants of cancer health beyond the individual's genomic profile will enable better utilization of existing healthcare resources in the short run and faster discovery of new precision interventions in the long run.
The effect of socioeconomic factors on cancer risk is typically studied with observational, case-control studies, a wellestablished approach in cancer epidemiology serving as the gold standard. Traditional case-control studies require tremendous effort to recruit sufficient number of participants and to collect data from them across a range of factors. Recently, web mining has emerged as a highly promising way to leverage openly available online sources for in silico epidemiological discoveries Lam, Spitz, Schully, & Khoury, 2013) . This new approach for epidemiological discovery is known as digital epidemiology. For example, in two recently published studies we demonstrated how online obituaries can be automatically collected and mined to understand the association between parity and cancer risk (Tourassi, Yoon, Xu, & Han, 2015) as well as to reliably capture spatiotemporal cancer mortality trends consistent with those reported by the national cancer surveillance program (Tourassi, Yoon, & Xu, 2016) . In a different study, we demonstrated how we can leverage openly available online data to investigate the possible association between residential mobility and lung cancer risk .
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Although fully automated and cost-effective, digital epidemiology has limitations due to the variable amount and granularity of information available in the open World Wide Web. For example, information related to age, gender, and socioeconomic status is not always readily available, yet all three are important confounding factors due to biases they may introduce skewing study findings. To mitigate the bias risk, traditional epidemiological studies utilize detailed questionnaires to collect information about every potential confounding factor. With open online sources, though, researchers must make the most of what is available and important information regarding age, gender, socioeconomic status, and lifestyle choices should be inferred as needed from whatever online content is available.
In this study we focus on socioeconomic disparities for selected cancer sites, namely lung and breast. Together, these two cancer types comprise 28% of new cases and 32% of cancer deaths anticipated in the United States in 2016 (Siegel, Miller, & Jemal, 2016) . Specifically, lung cancer is the leading cause of cancer deaths in the United States (Siegel et al., 2016) for both males and females. It is reported that the incidence of lung cancer increases with age (Stewart & Kleihues, 2003) and the most important risk factor for lung cancer is smoking tobacco (Zang & Wynder, 1996) . In the United States, 20.5% of adult males and 15.3% of adult females are smokers (CDC, 2015) . Tobacco consumption is also strongly associated with socioeconomic status (CDC, 2008) . People with lower income and lower education have higher prevalence of tobacco use, which suggests an association between socioeconomic status and lung cancer risk (Devesa & Diamond, 1983) . Indeed, an observational case-control study performed by Mao, Hu, Ugnat, Seminciw, and Fincham (2001) with over 3,200 male subjects and over 5,000 female subjects reported that people of low income have significantly higher lung cancer risk than people of higher income. An association between lower education and higher lung cancer risk was also reported in the same study. Breast cancer, on the other hand, is the most frequently diagnosed cancer in females both in the United States and in Europe (Siegel et al., 2016; Stewart & Kleihues, 2003) . Both demographics (e.g., ethnicity and age) as well as lifestyle factors (e.g., alcohol intake, smoking, diet, physical activity) have been found to influence breast cancer risk and to some extent prognosis and mortality (BreastCenter.org, 2016) . In contrast to lung cancer, socioeconomic status has been associated with higher breast cancer risk but the association with mortality is less clear (Bouchardy, Verkooijen, & Fioretta, 2006; Ferlay et al., 2013; Lundqvist, Andersson, Ahlberg, Nilbert, & Gerdtham, 2016) . For example, a study inferring socioeconomic status based on residential area did not show significant correlation between breast cancer mortality and residential area (Akinyemiju et al., 2015) . The latest meta-analysis study concluded that the effects of comorbidities and lifestyle factors are difficult to delineate in breast cancer (Lundqvist et al., 2016) .
The purpose of this study was to explore if the same association between socioeconomic and demographic factors and cancer risk can be captured reliably using web-based informatics. We focus specifically on breast and lung cancer, the two most prevalent cancer types (Siegel et al., 2016) for which patient and survivor stories are abundant online. Furthermore, we focus on age, gender, and income status. We use a previously reported web crawling method (Xu, Yoon, & Tourassi, 2013) to automatically derive case and control subject cohorts based on online sources. Then, we apply tailored natural language processing techniques to extract biographical information. In the following sections, a novel algorithm is developed for inferring economic status using employment information available for the collected subjects, and logistic regression cancer risk models are developed and presented. Finally, we discuss cancer risk insights derived using this novel web mining approach and compare these findings to those established with traditional cancer epidemiological studies.
Methods
To study the association between socioeconomic status and cancer risk using online content, we replicate a casecontrol study design. We follow a stepwise process to collect subjects for the case (cancer) and control groups. First, we automatically collect openly available obituaries and death announcements from digital sources such as the websites of U.S. newspapers, funeral homes, and social media sites. Second, we perform text mining to infer the deceased subjects' demographic information such as age and gender which are typically provided in the obituary text. Third, tailored language processing rules are applied to infer if the subjects' cause of death was breast or lung cancer as well as their occupation. The extracted attributes (age, gender, occupation) are used to build cancer risk models.
Data Sources
Online obituaries are widely available in newspaper sites and funeral homes' web pages. Although obituaries are written in various styles that can range from very formal to informal text, they have a largely similar format. Typical online obituaries include four sections; death announcement, biographical information, survivor information, and information about funeral arrangements. Intrinsically, obituaries include basic information of the deceased that is essential for our study: age (and/or birth date), cause of death, residence, and major life events (e.g., schools attended, military service, employments, organizational memberships).
We mined openly available obituary announcements from online sources. To perform automated collection of obituary contents, we used an advanced web crawler we developed previously (Xu et al., 2013) . The crawler employs an intelligent, self-adaptive mechanism to search the broad Internet for relevant content. Relevant content is available in local and national U.S. newspaper websites, homepages of U.S. funeral homes and mortuaries, and social media sites such as cancer survivor network. For this study, we focused on obituaries including the keywords ''breast cancer'' and ''lung cancer.'' The crawling process was initialized with the search results of a seed query executed using a third-party commercial search engine.
We implemented an autonomous utility score estimator to assess the relevance of the crawled webpages and the embedded URLs as described in Xu et al. (2013) . The utility score estimator is a supervised machine learning method, already trained with manually selected positive and negative training samples. Positive examples included breast cancer-and lung cancer-related obituaries while negative examples included unrelated webpages. Then, we applied a second verification step to select webpages representing full-length obituaries. This step also employed a supervised classification algorithm to remove irrelevant content such as obituary index pages or obituary snippets. More details about the web crawling process can be found elsewhere Xu et al., 2013) .
The Oak Ridge Site-Wide Institutional Review Board (IRB) performed expedited review and deemed the study exempt.
Sociodemographic Information Extraction
The next step was text mining of obituary contents to extract information about the deceased subjects. First, we applied the Stanford Natural Language Processing library (Manning et al., 2014) to analyze the text of the collected obituaries and select those for which the gender, parity, age at death, cause of death, and employment/occupation could be inferred. Text parsing was executed on the Titan supercomputer of the Oak Ridge Leadership Computing Facility.
The tailored rules developed to infer age, gender, parity, and cause of death were described in detail in a previous publication . Briefly, gender was inferred by counting the prevalence of male and female pronouns present in the obituary (e.g., ''She passed away at her residence…''). Age of the deceased either is clearly stated in the text or was inferred based on the dates of birth and death which are often stated in the obituary text. Parity for female subjects was inferred by the listing of surviving children mentioned in the obituary or by searching for expressions such as ''She was a mother of….'' Surviving children were counted as biological offspring unless stated otherwise. If an obituary did not include such statements, the female subject was considered nulliparous. History of lung or breast cancer was inferred from explicit statements that the specific type of cancer was the cause of death (e.g., ''He passed away after a courageous battle with lung cancer…''). Heuristic rules were applied to filter out those obituaries that may contribute to false counts. For example, simply the mention of ''lung cancer'' was not sufficient to consider the diseased as a member of the ''case'' group because there may be sentences stating the family prefers monetary contributions to a cancer research foundation rather than flowers (e.g., ''In lieu of flowers, please consider donations to cancer research.''). Obituaries including such sentences were not considered in this study.
For this study, we developed an additional set of heuristic rules to infer the deceased subject's occupation. Specifically, employment history was derived from explicit statements (e.g., ''He worked for 34 years at the Ford assembly plant.''). Since there are various types of such statements which cannot be described by the rule-based approach, we employed a supervised classification algorithm to identify sentences of employment history. Specifically, we trained a logistic regression classifier with 73 sentences describing employment history of deceased as positive examples, and 700 sentences randomly chosen from obituary text as negative examples. Based on cross-validation, the F1-score of the classifier was found to be 0.918 (precision 0.894, recall 0.943), which was considered sufficiently reliable.
Income Level Inference
We used income level as a surrogate measure of the subjects' socioeconomic status. Income level was inferred by the median earning of the deceased's occupation history. We categorized occupations based on the Occupation Classification Codes (OCC) provided by the U.S. Census Bureau (2015a). The 2010 Standard Occupation Classification Manual contains 509 subcategories arranged into 23 major categories (Table 1) . We classified the subjects' occupations into these 23 major OCC categories and retrieved their earnings from the median earnings table (U.S. Census Bureau, 2015b).
Classification was done using the marginal probability of association of words in the job titles to the OCC categories. Probabilities of words associated with the job categories in OCC were calculated by the frequency of the words appearing in the U.S. Census 2010 Occupation Index and Industry Index (U.S. Census Bureau, 2015c), which contains 21,000 industry and 31,000 occupation titles. Table 1 lists the occupation categories and median earnings by gender. We identified the estimated earnings from the occupation history statements of subjects. Obituaries with no mention of occupation history were excluded from the study.
We composed a dictionary of 6,947 words from the industry and occupation titles along with frequency of words in each occupation category, which is a probability of association of words to the job categories. For multiple words we calculated the marginal probability of words with the association of occupation categories.
Note that the U.S. Census 2010 Occupation Index and Industry Index contains no titles associated with code 23, ''armed forces'' occupation, nor available median earnings for the military job category. For the study, we added titles of ranks of US Army, Navy, and Air Force and imputed average income of all other categories as their income. A negligible number of obituaries included subjects with occupation history in armed forces.
Statistical Analysis
Using a case-control study design, age-adjusted odds ratios and 95% confidence intervals were calculated by the generalized linear model (GLM), which allows controlling for potential confounders. In this study, gender, parity, and income level of subjects were applied to the GLM implemented in R version 3.3.1 with a binomial family.
Results
We retrieved 4,643 obituaries of female breast cancer death and 6,274 obituaries of lung cancer death; 2,289 females and 3,985 males. The number of obituaries of non-cancer deaths collected to comprise the control group was 37,451; 15,870 females and 21,581 males. Note that the collected subjects included in the study are those for whom all necessary information pieces (i.e., gender, age, parity, cause of death, occupation) could be inferred with high confidence. Table 2 shows the number and age distribution of the cancer cases and controls. The distribution and average age of subjects according to the number of offspring are shown in Table 3 .
The numbers of subjects by occupation are listed in Table 4 . Estimated average earning for female breast cancer subjects was $43,957.89, for female lung cancer subjects average annual income was $40,764.16, and for male lung cancer subjects $51,889.37. For the control group, the estimated average annual earnings were $38,628.69 for females and $50,305.76 for males. Overall, the average earning for female subjects was $39,707.37 and for male subjects was $50,552.59. The difference of average earnings between the case and control groups was marginal; however, there was a notable difference between the earnings of female and male subjects illustrating the well-known income gap between genders. Table 5 shows the risk for breast and lung cancer with respect to estimated income level based on a logistic regression model, adjusting for confounding factors such as BreastCenter.org, 2016; Tourassi et al., 2015) . The protective effect is also clear based on Table 3 which shows that the age at death increases sharply as parity increases for females with breast cancer, while such a trend is not as notable for female controls. For lung cancer, epidemiological studies are inconclusive with meta-analysis suggesting no association between parity and risk of lung cancer (BreastCenter.org, 2016; Tourassi et al., 2015) . Our study suggests a protective effect based on Tables 2 and 5 ; however, this is neither as pronounced nor as linearly dependent on number of offspring as with breast cancer. Since our study could not adjust for important lifestyle factors that are always included in lung cancer risk models (i.e., smoking), we should not draw any further conclusions. With respect to socioeconomic factors, Table 5 shows that income level is associated with both breast and lung cancer risk. For female breast cancer, our study confirms findings from traditional epidemiology showing a trend of increasing breast cancer risk with increasing income level. A similar trend (albeit less pronounced) was observed for both female and male lung cancer, with the trend being stronger for females. These findings are inconsistent with traditional epidemiological studies, which suggest an inverse relationship. Such inconsistency could be attributed to lack of adjustment for smoking history, due to lack of such detailed information in obituaries.
Discussion
In the ''big data'' era, web mining has emerged as a powerful approach to collect very large amounts of digital data openly available from diverse sources. Developing and deploying scalable web mining tools which can leverage the supercomputing resources available at the Department of Energy are important steps to accelerate information collection and enable data-driven knowledge discovery across many different domains. Our study demonstrates how such capability could transform digital epidemiology.
Specifically, in this paper we presented a web mining method for studying demographic and socioeconomic cancer health disparities leveraging online obituaries, a nontraditional openly available data source. By applying tailored text mining methods for inferring biographical information and socioeconomic status of subjects, we were able to replicate in silico a case-control epidemiological study of the association of gender, parity, and socioeconomic status with breast and lung cancer risk.
To a large extent our findings are consistent with those reported in traditional cancer epidemiology. This is particularly true regarding the association of age, gender, and parity. However, our findings demonstrate a strong negative association between income level and cancer risk. Although a similar association has been identified with carefully designed epidemiological studies for breast cancer, the opposite has been reported for lung cancer, which raises some questions about using obituaries for deriving socioeconomic information or whether the lack of adjustment for smoking history is an important limiting factor. Since our study did not incorporate any geographical information, it is possible to adjust for smoking history by applying ''correction factors'' for smoking history. For example, one possible way is to leverage population level statistics of tobacco use that is available for all U.S. states and different age ranges. In a future study we will attempt to develop and apply such correction factors as well as study disparities across occupations and geographical locations.
Overall, obituaries have limited details about individuals' lifestyle choices, major life events, occupation history, and date of cancer diagnosis. Therefore, there is a higher level of ambiguity which may compromise the reliability of epidemiological discovery. Similar ambiguity and thus limitations exist with using occupation classification codes to infer individual income level. Still, this in silico case-control study provides additional evidence of how large, openly available datasets can be leveraged in new and creative ways to gain valuable insights in a dynamic and cost-effective way. Although web-based informatics approaches are not ready to replace carefully designed epidemiological studies, they are a very promising complementing technology for knowledge discovery, hypotheses generation, and additional validation. In summary, the study we presented in this paper exemplifies the role of big data, supercomputing, and humancomputer interaction to enable biomedical knowledge discovery leveraging non-traditional data sources. The presented web-mining technology and general approach are extensible to other application domains for which ''user profiling'' is important, namely business, marketing, and surveillance.
